Stuttering is associated with compromised sensorimotor control (i.e., internal modeling) across the dorsal stream, and the sensorimotor EEG mu (μ) rhythm has been proposed as a reliable index of anterior dorsal stream processing during speech. The purpose of this study was to compare μ rhythm oscillatory activity between (PWS) and matched typically fluent speakers (TFS) during spontaneously fluent overt and covert speech production tasks. Independent component analysis identified bilateral μ components from 24/27 PWS and matched TFS that localized over premotor cortex. Time-frequency analysis of the left hemisphere μ clusters demonstrated significantly reduced μ-α and μ-β ERD (p CLUSTER < 0.05) in PWS across the time course of overt and covert speech production, while no group differences were found in the right hemisphere in any condition. Results were interpreted through the framework of State Feedback Control to suggest that weak forward modeling and evaluation of sensory feedback across the time course of speech production characterizes the trait related sensorimotor impairment in PWS. This weakness is proposed to represent an underlying trait related sensorimotor instability that may predispose the speech of PWS to breakdown.
Over the last century, the etiology of developmental stuttering has been explained through various psychological and organic paradigms. While genetic sources continue to be investigated (Suresh et al., 2006; Drayna and Kang, 2011; Yairi and Ambrose, 2013) , manifestations of core stuttering behaviors (i.e., silent blocks, repetitions, and prolongations of speech sounds) are currently attributed to compromised sensorimotor control (Max et al., 2004a; Max et al., 2004b; Civier et al., 2010; Civier et al., 2013; Daliri et al., 2014) and related timing (Alm, 2004; Etchell et al., 2014; Falk et al., 2015; Etchell et al., 2016) mechanisms.
Sensorimotor control, enabling speech initiation, error correction, and fluent coarticulation, is subserved by a left hemisphere dominant dorsal stream network (Hickok and Poeppel, 2004; and is reliant on internal models. Forward (i.e., motor to sensory) internal models, containing sensory predictions of the motor plan (Von Holst, 1954; Wolpert and Flanagan, 2001; Crapse and Sommer, 2008) , are encoded in projections from anterior motor regions to posterior sensory regions. These forward models are evaluated in posterior sensory regions through parallel internal and external loops, which compare predicted sensory feedback to the sensory target [internal] and available reafference [external] respectively (Hickok et al., 2011; Houde and Nagarajan, 2011) . Sensory error signals arising from these comparisons are mapped onto corrective motor commands via sensory to motor projections (i.e., inverse models) and returned to PMC for integration into ongoing motor planning. Sensorimotor control is thought to be disrupted in people who stutter (PWS), possibly because of weak or unstable forward models (Max et al., 2004a; Max et al., 2004b; Brown et al., 2005) , a noisy comparison between the prediction and target (Max et al., 2004a; Hickok et al., 2011) , or abnormal reliance on sensory reafference during speech (Max et al., 2004a; Namasivayam et al., 2009 ). While it is thought that stuttering behaviors arise from this compromised internal modeling mechanism, it remains unclear how these deficits emerge in fluent speech.
Imaging data generally have supported notions of an underlying internal modeling deficit in stuttering. Neuroanatomical differences between PWS and typically fluent speakers (TFS) include reduced left hemisphere gray matter volume in anterior motor (Beal et al., 2007; Chang et al., 2008; Beal et al., 2013) and posterior auditory regions (Foundas et al., 2001) , A C C E P T E D M A N U S C R I P T 4 accompanied by reduced white matter density in the fiber tracts linking them (Sommer et al., 2002; Chang and Zhu, 2013; Chang, 2014; Connally et al., 2014; Cieslak et al., 2015) . Increased gray matter volume in right hemisphere motor (Beal et al., 2013) and auditory (Beal et al., 2007) homologues coupled with increased white matter density in the fiber tracts connecting them (Beal et al., 2007; Chang et al., 2011; Cai et al., 2014) have been interpreted as evidence of right hemisphere compensation Neumann et al., 2005) . Several findings, however, suggest that the internal modeling deficit in PWS deserves further investigation. First, functional studies have reported both hyperactivation Brown et al., 2005; Loucks et al., 2011; Ingham et al., 2012) and hypoactivation (Watkins et al., 2008; Chang et al., 2009; Kell et al., 2009; Loucks et al., 2011; Toyomura et al., 2011) in left anterior motor regions. Second, while weak forward modeling in PWS is supported by reports of reduced speech induced auditory suppression in PWS (Numminen et al., 1999; Curio et al., 2000) of the N100 response (Daliri and Max, 2015a; , other studies have failed to show this (Beal et al., 2010; Beal et al., 2011) . Thus, further investigation is needed to clarify the mechanism by which the aberrant neurophysiology in PWS gives rise to the deviant speech patterns characteristic of the disorder.
Complicating interpretation of these equivocal findings in PWS is the difficulty in separating state-(differences between the fluent and disfluent speech of PWS) and trait-(differences between PWS and fluent controls when behavior is controlled for) based effects of stuttering (Belyk et al., 2015) . Identification of trait-based differences requires the comparison of fluent speech from PWS and TFS to eliminate the potentially contaminating effects of stuttered speech on neural activity. The intermittent and unpredictable nature of stuttering is therefore problematic for PET and fMRI, as they lack the temporal resolution to delineate neural activity pertaining to fluent and stuttered portions of the same utterance (Ingham et al., 2012) . Additionally, several fMRI studies which purported to use spontaneously fluent speech have acknowledged the potentially fluency enhancing effect of scanner noise Preibisch et al., 2003; Giraud et al., 2008; Howell et al., 2012) . Consequently, some traitbased studies have induced fluency in PWS through delayed auditory feedback (Sakai et al., 2009 ), choral speech Watkins, 2011) , or by altering normal speech patterns
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A C C E P T E D M A N U S C R I P T 5 (Braun et al., 1997; Kell et al., 2009 ). Investigation of trait-based effects using induced fluency is questionable, as it is unclear whether the neurophysiology supporting induced fluency accurately represents normal function of the speech network in PWS. The analysis of neural data from spontaneously fluent speech represents a unique opportunity for probing traitbased, neurophysiologic differences in stuttering that are free from the potentially contaminating effect of overt stuttering, but still reflect the normative state of sensorimotor processing in PWS. Thus, in order to better test the hypothesis that deficient forward modeling and processing of sensory feedback constitute trait-related aspects of stuttering, there is a need for temporally precise neural data recorded during spontaneously fluent speech in quiet backgrounds.
The electroencephalographic (EEG) mu (µ) rhythm represents a prime avenue for interrogating internal modeling for speech production. It is commonly recorded over anterior dorsal stream regions (Tamura et al., 2012; Jenson et al., 2014) , including the premotor cortex, which serves as a computational hub processing sensorimotor information for speech (Hickok et al., 2011; Tourville and Guenther, 2011; Guenther and Vladusich, 2012) . The µ rhythm is characterized by spectral peaks in alpha (α; ~10 Hz) and beta (β; ~20 Hz) frequency bands.
Suppression (event related desynchronization; ERD) of activity in the β band is a ubiquitous finding during motor tasks (Alegre et al., 2006; Erbil and Ungan, 2007; Brinkman et al., 2014; Heinrichs-Graham et al., 2014; Cuellar et al., 2016) , and has been linked to motor execution (Seeber et al., 2014) . However, sensorimotor β (µ-β) power also has been found to be modulated prior to (Gehrig et al., 2012) and following (Tan et al., 2014; Tan et al., 2016) movement, and is independent of muscle force (Stancak et al., 1997; Pistohl et al., 2012; Kilavik et al., 2013) . These findings and the fact that µ-β can also suppress in action perception (Babiloni et al., 2002; Muthukumaraswamy and Johnson, 2004; Hari, 2006) and imagination (Brinkman et al., 2014; Yi et al., 2016; Di Nota et al., 2017) , has provided strong support for µ-β activity encoding motor to sensory (i.e., forward) models (Moisello et al., 2015; Mersov et al., 2016) . Similar to µ-β, µ-α also suppresses in response to movement (Dziewas et al., 2003; Rektor et al., 2006; Nakayashiki et al., 2014; Seeber et al., 2014; Cuellar et al., 2016; Duann and Chiou, 2016; Wagner et al., 2016) , and has been considered a primary somatosensory (Jones et al., 2009 ). However, µ-α power also has been found to be sensitive to changes in visual (Oberman et al., 2005; Sabate et al., 2012) , somatosensory (Hari, 2006; Quandt et al., 2013) , and auditory (Tamura et al., 2012; Pineda et al., 2013; Jenson et al., 2014; Jenson et al., 2015) feedback and has been considered an index of mirror neuron activity (Arnstein et al., 2011; Braadbaart et al., 2013) , providing strong evidence that µ-α is sensitive to sensory to motor feedback changes.
A number of recent studies have used independent component analysis (ICA; (Stone, 2004; Onton et al., 2006) to identify µ rhythms with characteristic α and β peaks that localized to premotor/motor regions in speech perception and production tasks (Bowers et al., 2013; Jenson et al., 2014; Jenson et al., 2015; Saltuklaroglu et al., 2017; Thornton et al., 2017) .
Time-frequency analyses provided measures of event-related synchronization and desynchronization (ERS and ERD) of µ-α and µ-β over the time course of speech events. Changes in oscillatory power over time were interpreted as contributions from forward modeling (µ-β) and sensory feedback (µ-α). In speech production tasks, ICA is an effective means of separating electromyographic (EMG) artifact from neural activity. Jenson et al. (2014; identified the sensorimotor μ and a separate perilabial (EMG) component, such that time-frequency dynamics of μ components could be temporally referenced to muscle movements. μ-α and μ-β ERD emerged during speech preparation and were observed most robustly in the left hemisphere with the onset of EMG activity, persisting throughout the utterance. The left hemispheric dominance of activity in these findings further supports their application to measuring sensorimotor control in speech. These data can be interpreted through State Feedback Control (SFC; Houde and Nagarajan, 2011) theory that proposes forward models are generated in premotor regions and evaluated in posterior sensory regions across the time course of speech production, with sensory feedback being returned to premotor regions even in the absence of an overt error needing correction (Niziolek et al., 2013) . Based on these findings and interpretations, a logical next step for understanding traitrelated sensorimotor differences associated with stuttering is the comparison of μ rhythm activity between stuttering and non-stuttering individuals when producing spontaneously fluent speech.
Because μ rhythms can capture both primary motor and somatosensory as well sensorimotor responses in movement tasks, one way to isolate sensorimotor responses in speech may be to remove movement and use covert production tasks. With the exception of using reafferent feedback, covert production is known to require forward models and generate sensory feedback based on expected predictions through a purely internal loop (Tian and Poeppel, 2010; Houde and Nagarajan, 2011; Tian and Poeppel, 2012) . In support of this, Jenson et al. (2014) found that μ rhythm responses to covert speech showed similar, albeit weaker ERD responses to those of overt speech. Thus, covert production tasks enable the interrogation of internal sensorimotor loop dynamics without the influences of obligatory motor and somatosensory responses or reafferent feedback. If, as has been proposed, forward modeling deficits in PWS lead to an overreliance on sensory feedback (Max et al., 2004a; Max et al., 2004b) , then time-frequency decomposition of μ rhythm activity associated with both covert and overt speech tasks is likely to provide a more robust understanding of stuttering-related sensorimotor deficits.
Previous investigation of the μ rhythm in PWS has demonstrated its capacity for revealing sensorimotor differences underlying the disorder. Saltuklaroglu et al. (2017) identified differential activity in PWS across both μ-α and μ-β bands during accurate speech and tone discrimination in noise, interpreting them as evidence of a sensorimotor inflexibility rooted in a reduced capacity for forward modeling. The presence of reduced spectral power in the μ-β band across conditions was interpreted to suggest a general, rather than speechspecific, sensorimotor deficit. This is consistent with the findings of Joos et al. (2014) , who reported reduced μ-β spectral power during resting state, raising the possibility that spectral differences may constitute a neural biomarker for stuttering. However, it should be noted that μ-β power was not correlated with stuttering severity in either study. Consequently, the relationship between μ-β rhythms and the manifestation of stuttering events remains unclear.
The goals of the current study are first to identify and temporally decompose µ rhythm and EMG components from EEG recordings made during overt and covert speech in PWS and matched TFS cohorts. Following identification, the second goal is to temporally decompose μ component activity such that μ rhythm fluctuations are mapped to the onset of lip movement.
Between-group comparisons will examine the extent to which spontaneously fluent overt and covert speech of PWS is marked by weak forward modeling and overreliance on sensory feedback with time-frequency analyses of µ-β and µ-α serving as indices of forward modeling and sensory feedback processing, respectively. It is first hypothesized that, if the fluent speech of PWS is characterized by weak forward modeling (Max et al., 2004a; Max et al., 2004b; Hickok et al., 2011) , group differences will be found in the µ-β band activity during overt speech production. Second, it is hypothesized that, if the sensorimotor impairment relates to the prediction and evaluation of sensory feedback supported by the internal loop, then both µ-α and µ-β band differences will be present during covert speech tasks when no reafference is available to update the forward model and sensory guidance is based exclusively on motor to sensory forward model predictions. Support for these hypotheses will more clearly describe the underlying neural impairment in PWS free from the state-based effects of disfluency. The PWS (22 male, 9 female) had a mean age of 26.1 (range 17 -53), and no history of cognitive, communicative, or attentional disorders apart from persistent developmental stuttering. Four PWS were excluded from the analysis as they were not able to complete the experimental tasks (discussed below), while a further three did not yield usable left or right µ components. Thus, data from only 24 of the original 31 PWS was included in the between group analysis. (Oldfield, 1971) . This study was approved by the Institutional Review Board for the University of Tennessee, and all subjects provided informed consent prior to participation in the study.
-Stimuli
Visual stimuli for all conditions were presented in the center of the subjects' visual field on Microsoft PowerPoint slides. Stimuli were presented in white text on a black background, subtending a visual angle of 1.14°. Disappearance of the visual stimuli following a two second visual presentation served as the cue to initiate production. The timeline for the production conditions can be seen in Figure 1 .
-Design
The experiment consisted of a 2 x 3 mixed design. The three conditions were:
1. Covert production of syllable pairs (SylC) 2. Overt production of syllable pairs (SylP) 3. Overt production of tri-syllable nouns (WordP) Conditions 1 and 2 (SylC and SylP) required covert and overt production of syllable pairs consisting of /ba/ and /da/, respectively. In order to maximize fluent productions, syllable pairs were chosen as they are less likely to be stuttered due to their short duration (Brown, 1945) .
Condition 3 (WordP) required overt production of tri-syllable nouns initiated by either /b/ or /d/ and followed by a vowel. Stimuli for the WordP condition were selected from (Blockcolsky et al., 2008) . Tri-syllable nouns were included in order to increase the complexity and ecological validity of the speech tasks. Both sets of stimuli have been shown previously to lead to salient markers of speech onset and offset (Jenson et al., 2014; Jenson et al., 2015) , enabling interpretation of neural activity across the time course of speech events.
-Procedure
Prior to conducting the experiment, all PWS subjects completed the Stuttering Severity Instrument -4 th edition (SSI-4) (Riley, 2009) . SSI administration took place prior to experimental participation to mitigate against potential carry-over fluency (Saltuklaroglu and In all production conditions, subjects were instructed to initiate their productions following the disappearance of the visual stimuli. In the covert production condition (SylC), subjects were instructed to refrain from making any silent articulatory gestures during their covert productions. For the overt production conditions (SylP, WordP), verbal responses from PWS subjects were recorded on a digital voice recorder (RCA model VR5340-A) to enable offline analysis of speech fluency. All subjects were instructed to produce the speech targets in their normal speaking voice, with PWS subjects further instructed not to employ any fluency enhancing techniques. Any trials in which the production was not completed within the 2000 ms window between response cue and the end of the trial epoch were discarded. Each of the three conditions was presented in 2 blocks of 40 trials each, yielding a total of 6 blocks (3 conditions x 2 blocks). Block presentation order was randomized across subjects.
-Data Acquisition
Whole head EEG data were recorded from a 68 channel NeuroScan Quikcap based on the 10-10 extension (Chatrian et al., 1988) of the international standard system (Jasper, 1958) . Neural channels were accompanied by two electrocardiogram (EKG) and two electromyography (EMG) channels. Recording channels were re-referenced to the linked mastoid channels (M1, M2) for common mode noise reduction. The electro-oculogram was captured by two pairs of recording electrodes placed above and below the left eye (VEOU, VEOL) as well as on the medial and lateral canthi of the left eye (HEOL, HEOR) which recorded vertical and horizontal
eye movements, respectively. The two EMG electrodes were placed above and below the lips in order to capture speech related peri-labial muscle activity (Gracco, 1988) . EEG data were acquired using Compumedics NeuroScan 4.3.3 software coupled with the Synamps 2 system. Data were band pass filtered (0.15 -100 Hz) prior to digitization by a 24 bit analog to digital converter with a sampling rate of 500 Hz. Data collection was referenced to the cue to initiate production (i.e., the disappearance of the visual stimulus), thus, time zero represents the initiation cue.
-Preprocessing
All EEG data processing was performed in EEGLAB 13.5.4b (Brunner et al., 2013) , an open source MATLAB toolbox. Data for each participant were processed at the individual level, then analyzed at both the individual and group levels. Steps performed at each stage are outlined below:
Individual Processing:
1. Preprocessing of 6 raw files for each subject (2 blocks x 3 conditions).
2. ICA of concatenated data files for each participant.
3. Localization estimation via fitting of equivalent current dipole (ECD) models for all neural and non-neural (i.e., myogenic and movement artifact) components.
Group Analysis:
1. Similar components across subjects clustered by Principal Component Analysis (PCA) on the basis of commonalities in spectra, scalp maps, and dipole location.
2. Visual inspection of clusters resulting from PCA to identify left and right µ clusters and validate cluster membership. Neighboring clusters were also examined to identify misallocated components.
Time-frequency decomposition of left and right µ clusters performed by Event Related
Spectral Perturbation (ERSP) analysis. Prior to the analysis of neural data, the audio recordings of PWS from the overt production conditions (SylP and WordP) were analyzed and each trial was coded as either fluent or disfluent. Trials were marked as disfluent if they contained syllable repetitions, prolongations, excess tension, or if the response latency indicated that the subject may have had difficulty initiating speech. Trials identified as disfluent were removed at a later stage of the processing pipeline.
-Data Preprocessing
Both raw data files for each condition (one per block) were appended to create a single file for each condition per subject. The data were then decimated to 256 Hz to reduce the computational demands of further processing steps. All EEG data were referenced to the mastoid channels (M1, M2) for common mode noise reduction. The data were band pass filtered between 3 and 34 Hz in order to reduce gross muscle artifact and to allow clear visualization of the α and β frequency bands. Five-second trial epochs (ranging from -3000 ms to +2000 ms around time zero) were then extracted from the continuous data. The resulting data files for each subject were visually inspected, and all epochs containing gross artifact ( > 200 µV) were removed from the data. For PWS, any remaining trial epochs that had been identified as disfluent during the fluency analysis were removed. A minimum of 40 usable trials per condition per participant was required for an effective ICA decomposition.
-ICA
Prior to ICA analysis, data files for each subject were concatenated to generate a single set of ICA weights common to all conditions. This enabled the analysis of conditional differences within the spatially fixed components. The data matrix was initially decorrelated by means of an extended Infomax algorithm (Lee et al., 1999) . Following decorrelation, ICA training was performed in EEGLAB 13.5.4 via the "extended runica" algorithm with the initial
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learning weight set to .001 and a stopping weight of 10 -7 . The ICA decomposition yielded 66 ICs for each subject, corresponding to the number of channels submitted to ICA (68 recording channels minus two mastoid reference channels). These components represent the decomposition of the scalp-recorded signal (i.e. neural, EKG, EMG, and electro-oculogram) into temporally independent and spatially fixed components accounting for the original signal. The inverse weight matrix (W -1 ) was then projected back onto the original spatial channel configuration to generate scalp maps for each component.
Following ICA decomposition, equivalent current dipole (ECD) models for each component were computed by using the BESA (4 shell spherical) head model in the DIPFIT2
toolbox, an open-source MATLAB plugin available at sccn.ucsd.edu/eeglab/dipfit.html (Oostenveld and Oostendorp, 2002) . Electrode locations conforming to the 10-10 system (Chatrian et al., 1988) were warped to the head model. Coarse fitting to the BESA head model yielded single ECD models for each of the 3168 components, (66 components x 48 subjects).
Localization of cortical activity via ECD models entails back projecting the IC signal to a hypothesized neural source capable of generating the scalp-recorded signal (Delorme et al., 2012) . Forward projections of each source signal to the level of the scalp were then compared to the IC scalp maps (Richards, 2004) . The residual variance (RV) is the percentage difference between the scalp recorded signal and the forward projection of the ECD model, which can be seen as a measure of the goodness of fit for the ECD models.
-Group Analysis -STUDY
The EEGLAB STUDY module was used to perform all group level analyses, as it enables comparison of ICA data across conditions and between groups. ICs were initially preclustered based on similarities in scalp map, spectra, and dipole location. Principal Component Analysis (PCA) was implemented via the K-means statistical toolbox, allocating the ICs to 40 component clusters. These clusters included all neural (e.g., μ) components originating within the skull and non-neural (e.g., peri-labial EMG of interest and other artifactual activity such as eye blinks) components originating outside the skull (Jenson et al., 2014) . From the results of PCA, left and right µ clusters were selected for time-frequency analysis.
All components allocated to µ clusters by PCA were evaluated in relation to the inclusion criteria of a characteristic µ spectrum, RV < 20%, and ECD localization across the sensorimotor cortex (BA 1, 2, 3, 4, 6). Components not meeting these inclusion criteria were removed from µ clusters. Additionally, neighboring clusters were visually inspected, with components meeting the inclusion criteria being reallocated to µ clusters . As 66 recording channels yield the same number of ICs (Makeig et al., 2004) , it was possible for participants to contribute multiple components to each cluster. Final allocation of components to µ clusters was verified by a second rater to ensure reliability of cluster membership.
-Mu Cluster Source Localization
While ECD dipole location (generated via DIPFIT2) was submitted to PCA in the STUDY module, final localization of left and right µ clusters was implemented via standardized lowresolution brain electromagnetic tomography (sLORETA). sLORETA solves the inverse problem by using current source density (CSD) measured from scalp recorded EEG to evaluate source location (Pascual-Marqui, 2002) . CSD solutions are based on the Talairach cortical atlas, digitized at the Montreal Neurological Institute (MNI). Electrode locations were crossregistered between realistic cortical anatomy and spherical (BESA) head models (Towle et al., 1993) . The cortical volume was divided into 6,239 voxels with a spatial resolution of 5 mm. The inverse weight projections of the original EEG signal for each component contributing to left and right µ clusters were exported to sLORETA. Cross spectra were computed and mapped to the Talairach atlas and cross-registered with MNI coordinates corresponding to the MNI152 template (Mazziotta et al., 2001) , resulting in CSD source estimates for each component contributing to left and right µ clusters.
To ascertain the statistical significance of differences in CSD estimates across participants, a non-parametric analysis was implemented in the sLORETA software package.
The probability distribution of the t-statistic expected under the null hypothesis was estimated via randomization (Pascual-Marqui, 2002) , correcting for multiple comparisons across all voxels and frequencies (3 -34 Hz). Voxels significant at p < 0.001 were considered to be active across comparisons (Maris and Oostenveld, 2007) were used to control the Type 1 error rate.
Statistical analyses consisted of 3 between-groups contrasts (one per condition). To examine a potential relationship between µ time-frequency power and stuttering severity, a Pearson correlation analysis was performed within the PWS group between raw SSI scores and mean spectral power across time-frequency voxels demonstrating significant group differences. Raw SSI scores were used as they are robust measures of severity sensitive to frequency, duration, and behavioral concomitants. Separate correlation analyses were performed for each condition demonstrating group differences. For subjects contributing more than one component to µ clusters, spectral power was averaged across components.
-Results

-Production Accuracy
Two PWS were excluded from the study prior to analysis of neural data due to their inability to produce a minimum of 40 spontaneously fluent utterances in at least one of the overt production conditions. One of the excluded subjects was rated by the SSI as very severe (raw SSI = 44), while the other was rated as mild (raw SSI = 19), though was highly disfluent during study participation. As the analysis software was not amenable to missing data, subjects had to produce usable data in all conditions to be included in the analysis. Inclusion of partial datasets would have skewed statistical results. Two additional PWS were excluded from the study as analysis of their peri-labial EMG activity indicated that they initiated speech production at the onset of the visual prompt as opposed to stimulus offset as instructed. This resulted in neural data from 27/31 PWS being submitted to ICA/ERSP analysis. Table 1 shows the demographic information, severity rating, raw SSI score, and cluster contributions for the PWS included in the ICA/ERSP analysis. Table 2 shows the demographic information and cluster contribution for each of the TFS included in the study. For the left µ cluster (Figure 3 ), ERSP activity for both groups was characterized by µ ERD. In the SylC condition, PWS exhibited reduced ERD in both µ-α and µ-β bands approximately 500 ms following the production cue, and persisting through the remainder of the trial epoch. ERS differences (stronger in PWS) were also found in the non-relevant spectral valley (Fig. 2) between the bands of interest. In the WordP condition, PWS exhibited reduced ERD in both µ-α and µ-β bands approximately 500 ms following the cue to produce speech, persisting through the remainder of the trial epoch. No significant between group differences were noted in the SylP conditions.
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For the right µ cluster (Figure 4) , ERSP activity for both groups was characterized by µ-α and µ-β ERD. No significant between group differences were found in any experimental condition.
EMG: Figure 5 demonstrates peri-labial EMG activity across all experimental conditions for both groups. Peri-labial EMG activity was absent in the covert (SylC) production condition. EMG activity was characterized by ERS spreading across the frequency range, though strongest in the low frequencies. For both PWS and matched controls, EMG activity began following the cue to speak in the overt production conditions (SylP, WordP), and peaked approximately 500 ms later. No between group differences were found in any experimental condition.
-Behavioral Correlations
Correlation coefficients between SSI severity and mean time-frequency power across voxels demonstrating group differences were weak and non-significant (r = -0.04 in SylC and r = 0.29 in WordP).
-Discussion
ICA identified bilateral component clusters with characteristic µ spectra and RV less than 20%. In line with other studies that have implemented similar cluster inclusion criteria, 89% of PWS and 100% of TFS contributed components to either left or right µ clusters (Nystrom, 2008; Bowers et al., 2013; Cuellar et al., 2016) . µ clusters localized to BA-6 (precentral gyrus) in both left (Talairach [-40, -5, 50] ) and right (Talairach [40, 45] ) hemispheres with activation spreading across anterior dorsal stream regions. This source localization is consistent with both previous localizations of µ rhythm sources (Pineda, 2005; Hari, 2006; Bowers et al., 2013; Braadbaart et al., 2013) and expected sources of anterior dorsal stream activity (Hickok et al., 2011; Houde and Nagarajan, 2011; Guenther and Vladusich, 2012) . ERSP analysis of µ cluster activity during spontaneous fluency is expected therefore to reliably reveal patterns of neural activity representing forward and inverse modeling across the time course of speech events.
Identification and temporal decomposition of neural and peri-labial EMG activity provides a novel means of investigating trait related neural differences in PWS. In both groups,
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20 EMG activity in the overt production tasks began with the cue to initiate speech. This suggests that subjects were preparing to speak during visual stimulus presentation and ready to speak when cued. Of critical relevance to the investigation of trait related differences in PWS, no group differences were found in either the strength or timing of EMG activity in overt production ( Figure 5 ). This suggests that muscle activity was similar for both groups and that the methods employed to identify and exclude stuttered utterances were successful. As such, group differences in µ rhythm activity are interpreted as representing the trait-related sensorimotor differences associated with being a person who stutters, rather than state-related differences attributed to the presence of stuttering. Further evidence of trait-related differences are observed in the covert production tasks, free from motor influences.
-Left Hemisphere Differences During Overt Production
The first hypothesis that PWS would demonstrate reduced μ-β ERD during overt production was supported by left hemisphere data from the WordP condition. In accord with previous μ rhythm studies describing oscillatory activity across speech production (Jenson et al., 2014; Jenson et al., 2015) , μ activity in TFS was characterized by weak μ-α and μ-β ERD preceding the cue to speak, followed by robust μ-α and μ-β ERD following the cue to speak that continued across the trial epoch (Figure 3) . In contrast, µ activity in PWS was marked by reduced μ-β ERD band beginning with the cue to speak and persisting across utterances. As μ-β ERD typically marks the activation of forward models, reduced μ-β ERD in PWS during spontaneous fluency is interpreted as a trait-related weakness in forward modeling for speech (Max et al., 2004a; Max et al., 2004b) . The finding also is consistent with those of a metaanalysis of production based PET and fMRI studies in PWS (Belyk et al., 2015) , which interpreted a reduced likelihood of left hemisphere anterior motor activation as a trait-related neural marker of stuttering. Further investigation of this trait-based weakness is necessary, however, as it remains unclear what characterizes a weak forward model (i.e., weak generation, weak transmission, or sparse parameter specification). Though the current EEG approach does not afford the spatial resolution of fMRI or PET, the precise temporal resolution offers a novel view of stuttering-related sensorimotor deficits. Specifically, reduced μ-β ERD was observed across
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A C C E P T E D M A N U S C R I P T 21 the utterance, demonstrating that the fluent speech of PWS is characteristically unstable and therefore, prone to breakdown.
The absence of left hemisphere group differences during the ostensibly similar SylP conditions may have been driven by two primary effects. First, the syllables produced in the SylP condition were shorter than the tri-syllable nouns produced in the WordP condition. The reduced sequencing demands for shorter productions (Ghosh et al., 2008) may have led to reduced cortical activation (Riecker et al., 2008; Houde and Nagarajan, 2011) . Second, syllable pairs are semantically neutral and may not activate the larger multimodal networks (Kotz et al., 2010) recruited by lexical items such as those used in WordP. The production of real words generates stronger neural responses than pseudo-words (Obleser and Weisz, 2012; Strauss et al., 2014) . As a result, the reduced demands of the SylP task may have been insufficient to reveal differential patterns of internal modeling between the two groups.
The current findings of reduced μ-β ERD while speaking are in alignment with Belyk et al. (2015) as well as recent fNIRS (Walsh et al., 2017) and TMS/MEP (Neef et al., 2015) studies demonstrating reduced contributions of left hemisphere anterior sensorimotor regions in PWS.
They also cohere, at least in part, with reports of reduced β activity in other disorders that affect the motor system including motor control impairments such as Parkinson's Disease (Delval et al., 2006; Degardin et al., 2009; Heinrichs-Graham et al., 2014; Moisello et al., 2015) and amyotrophic lateral sclerosis (Bizovicar et al., 2014) . However, these findings contrast with those from a similar recent study by Mersov et al. (2016) , who reported increased μ-β ERD in PWS during the preparation and overt production of sentences. They interpreted this as an elevated facilitatory signal to disinhibit a more strongly inhibited motor network secondary to basal ganglia thalamo-cortical loop dysfunction (Civier et al., 2013) . Methodological differences between the Mersov et al. study and the current study, including the use of EEG vs. MEG, the inclusion of a carrier phrase, and the selection of a subject-specific word list based on probability of stuttering, may explain contrasting findings. It is important to note that both studies implicate μ-β oscillatory activity in trait-related deficits in PWS, and further investigation is warranted to clarify the contributions of forward modeling and timing network deficits.
A C C E P T E D M A N U S C R I P T 22
The current study was performed with an adult cohort and it is possible the reduced μ-β ERD observed in PWS represents a long-standing adaptive strategy for motor control rather than a causal feature of the disorder. Over the course of a lifetime of stuttering, the brains of PWS may have identified that the forward model predictions are intermittently unreliable. The human brain can alter the relative weights assigned to different sensory modalities based on their degree of uncertainty (Oie et al., 2002; Klein et al., 2011) , suggesting a capacity for adaptive weighting. Rather than the observed reduction in μ-β ERD representing a weakness in the forward model itself, it may instead represent a reduced weighting of forward model predictions secondary to their learned unreliability. Support for this proposal comes from evidence that the magnitude of μ-β oscillatory activity is dependent on confidence in forward model predictions (Tan et al., 2016) , such that μ-β modulation is reduced when confidence in sensory predictions is low. Further studies implementing stable and unstable priming environments for speech production are necessary to determine if they elicit adaptive weighting of forward models.
Group differences in the μ-α band during the WordP condition also implicate a left hemisphere internal modeling deficit. TFS produced weak μ-α ERD prior to the cue to speak, followed by strong ERD concurrent with speech production. In contrast, PWS exhibited reduced μ-α ERD throughout the utterance. Considering interpretations of μ-α as a sensory feedback channel, data suggest a reduced contribution of the left hemisphere to sensorimotor feedback guidance for speech. This interpretation is consistent with reports of reduced pSTG activity in PWS during overt speech (Chang et al., 2009; Belyk et al., 2015) , as well as interpretations of reduced μ-α ERD over anterior motor regions as evidence of sensorimotor dysfunction in clinical populations including Tourette's syndrome (Gunther et al., 1996) and
Parkinson's disease (Brown and Marsden, 1999; Lim et al., 2006) . Abnormal left hemisphere feedback control has been proposed by Hickok et al. (2011) also, who suggested that a noisy comparison between prediction and reafference may underlie stuttering.
It should also be noted that within PWS, μ-α ERD appeared weaker than μ-β ERD in the WordP condition, suggesting a stronger contribution of sensory feedback processing to speech motor control. This interpretation is consistent with theoretical predictions arising from the
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A C C E P T E D M A N U S C R I P T 23 DIVA model (Max et al., 2004a ) and has been more recently supported through computational modeling (Civier et al., 2010) . However, in order to disambiguate abnormal left hemisphere feedback contributions from somatosensory responses, it is necessary to consider how group differences emerge in covert speech.
-Left Hemisphere Differences During Covert Production
The second hypothesis that PWS would demonstrate reduced μ-α and μ-β activity during covert speech was supported by the data from the left hemisphere (Figure 3) . In TFS, µ activity during covert syllable production was characterized by α and β ERD, though weaker in magnitude than the overt conditions. This weaker response to covert syllable production is consistent with previous reports (Gehrig et al., 2012; Jenson et al., 2014; Ylinen et al., 2015) , and likely reflects the absence of primary motor and somatosensory responses not elicited during covert syllable production. Consideration of μ rhythm dynamics during covert syllable production thus enables evaluation of internal modeling dynamics without the influence of overt motor or somatosensory responses. Due to the absence of any behavioral marker for covert speech, it is possible that not all subjects covertly produced the syllable targets in every trial.
In contrast to the null findings from the overt syllable production tasks, group differences observed during covert syllable production inform regarding stuttering-related sensorimotor deficits. Activity in both μ-α and μ-β bands was significantly weaker in PWS than TFS. Given previous proposals that activity in the μ-α band represents sensory to motor feedback projections, the absence of μ-α ERD may suggest that little feedback was returned to PMC during covert production. In the absence of a reafferent signal, sensory feedback cannot be predicted via the internal loop to compensate for weak forward modeling (Hickok et al., 2011; Houde and Nagarajan, 2011; Tian and Poeppel, 2012) , further exacerbating compromises to internal modeling. This sensorimotor loop breakdown during covert syllable production is in accord with reduced left hemisphere contributions to sensory feedback guidance in PWS.
However, it remains unclear why in the current study group differences were detected in A C C E P T E D M A N U S C R I P T 24 covert, but not overt, syllable production. Recall that in tasks requiring an overt response, μ oscillations capture primary motor and primary somatosensory activity in addition to sensorimotor activity. Therefore, μ rhythm oscillations from covert speech tasks may be more sensitive to group differences as they only capture sensorimotor activity.
-Non-significant Differences of Interest
Similarly to Walsh et al. (2017) , no significant group differences were found between PWS and TFS in any condition in the right hemisphere. These findings are in contrast to previous reports of increased right hemisphere motor activity in PWS during speech (Fox et al., 1996; Fox et al., 2000; Brown et al., 2005; Loucks et al., 2011) . While this may initially appear to undermine interpretations of right hemisphere compensation for the compromised left hemisphere Neumann et al., 2005; Kell et al., 2009) , it is critical to consider the relative contributions of left and right hemispheres to internal modeling for speech. Right hemisphere μ responses in TFS appeared weaker than left, though no such reduction was apparent in PWS. Data suggest a proportionally larger contribution of the right hemisphere to sensorimotor control of speech in PWS, aligning with Max et al.'s (2004a) assertion that PWS are overly reliant on external feedback, and reports that corrective feedback signals are mediated by the right hemisphere (Tourville and Guenther, 2011; Guenther and Vladusich, 2012) . Further, this interpretation is consistent with reports that exogenous fluency enhancing conditions such as choral speech and delayed auditory feedback do not normalize right motor hyperactivity in PWS (Fox et al., 1996; Sakai et al., 2009 ) and elicit increased right motor activity in TFS (Watkins et al., 2008) , though further work is necessary to clarify hemispheric contributions to sensorimotor control in PWS.
Though remarkably similar to those measured during speech perception and resting state (Joos et al., 2014) , reduced μ-β spectral power in the right hemisphere in PWS in the current study did not reach statistical significance. Group spectral differences may be important as they distinguish healthy controls from clinical populations such as individuals with dyslexia (Galin et al., 1992; Papagiannopoulou and Lagopoulos, 2016) , (Buysse et al., 2008) , epilepsy (Adebimpe et al., 2015) , and Parkinson's (Caviness et al., 2016) . Thus, further examination is warranted in an attempt to identify a neural biomarker for stuttering. The lack of significant correlations between raw SSI scores and µ power across voxels demonstrating group differences in both covert and overt speech tasks may have been due to the small degree of variability in stuttering severity in the subject cohort. Consequently, it remains unclear how the observed electrophysiologic differences give rise to the cluster of behaviors characteristic of the disorder.
-General Discussion:
The temporal sensitivity of EEG was used to examine neural activity during spontaneously fluent overt and covert speech production in PWS and TFS to identify traitrelated differences in internal modeling. The increased temporal and spectral precision afforded by the current methodology supplement hemodynamic imaging techniques by delineating forward modeling and sensory feedback responses across the time course of an utterance. The use of covert tasks enabled the probing of sensorimotor dynamics in the absence of the primary motor, somatosensory and auditory responses associated with overt speech. Consequently, reduced left hemisphere μ-β ERD in PWS is considered evidence of weak forward modeling, with reduced μ-α ERD representing reduced processing of sensory feedback. The presence of similar, albeit weaker, patterns of μ-α and μ-β ERD in covert speech, with the pattern of group differences unchanged, suggests two things. First, neither disfluency, nor even overt speech, is necessary to observe the trait-related sensorimotor impairment in PWS. Second, the availability of afferent feedback is insufficient to compensate for weak forward modeling in PWS and its persistent weakness across the time course of spontaneous fluency potentially represents a source of instability that predisposes even the fluent speech of PWS to breakdown.
μ-β activity also is sensitive to manipulations in timing (Fujioka et al., 2010; Fujioka et al., 2012; Fujioka et al., 2015) , and has been interpreted as evidence of activity within basal ganglia (Bartolo and Merchant, 2015) , as motor cortex is the site of integration for two main basal ganglia loops in motor control (Band and van Boxtel, 1999; Dillon and Pizzagalli, 2007) .
Stuttering is well-known to be associated with basal ganglia dyfunction (Alm, 2004; Smits-Bandstra and De Nil, 2007; Chang and Zhu, 2013; Civier et al., 2013; Vanhoutte et al., 2016) and recent work has implicated μ-β oscillatory differences in stuttering populations to be indicative of coordination, timing, and sequencing of motor deficits during the production of normal rapid speech (Etchell et al., 2014; Etchell et al., 2016) . As the current study was not designed to vary timing, results were interpreted through the more traditional associations of μ rhythms.
However, as sensorimotor control is under basal ganglia influence (Redgrave et al., 2010) , future studies sensitive to changes in speech timing are necessary to delineate the contributions of sensorimotor and basal ganglia loops to the observed trait-related differences in μ-β activity.
The μ-α ERD observed during overt speech in both groups was interpreted as an index of sensory feedback projections (Tamura et al., 2012; Pineda et al., 2013; Quandt et al., 2013) , highlighting the essential contribution of feedback control to internal modeling for speech espoused by SFC. The precise response profile of the μ-α band, however, remains unclear.
Based on a posterior-to-anterior pattern of emergence, it has been proposed that μ-α represents an inverse internal model sent from posterior sensory regions to anterior motor regions (Sebastiani et al., 2014) , though such an interpretation is not warranted by the findings of the current study. Connectivity measures, demonstrating information flow from sensory cortices to anterior motor regions in the μ-α band are necessary to expand current sensory feedback interpretations of mu alpha to include inverse modeling. The findings across both α and β bands of the μ rhythm are consistent with the theoretical predictions of SFC, and support its implementation as an overarching paradigm for the investigation of sensorimotor speech disorders. Further, the results of the current study validate the use of time-frequency decomposition of cooperative α and β channels of the unified μ rhythm to probe the roles of sensory feedback guidance and forward modeling, respectively, to other sensorimotor speech disorders.
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While the current study leveraged the temporal precision of EEG with the intermittent nature of stuttering to identify trait-based differences in sensorimotor control during spontaneous fluency, some limitations should be addressed. First, it must be acknowledged that a binary fluent / stuttered classification scheme may be overly simplified, especially considering reports that motor control occurs along a spectrum with even the fluent speech of PWS affected by underlying speech motor instabilities (Smith and Weber, 2017) . Although the peri-labial EMG signal did not demonstrate group differences, the fluent speech of PWS may still be acoustically and kinematically different from that of TFS (Smith and Kleinow, 2000) due to underlying deficits in and compensations to motor control. Additionally, these influences may be more present in an adult cohort (Armson and Kalinowski, 1994) , potentially due to adaptation across a lifetime of stuttering. Thus, while the results of the current study were interpreted within the state-trait framework of Belyk et al. (2015) , it must be acknowledged that this may be an imperfect dichotomy.
Second, while all subjects produced µ-like components, strict adherence to our inclusion criteria (i.e., µ spectra, RV% < 20%, localization to BA-1,2,3,4,6) meant that data from only 89% of subjects could be reliably assigned to µ clusters, with only 60% contributing to both clusters.
Reduced subject contribution is a commonly reported finding in EEG research (Nystrom, 2008; Bowers et al., 2013; Jenson et al., 2014) , and in the current study may have been driven by the use of a standard head model, as inclustion criteria are sensitive to individual anatomic variation. Reduced subject contribution would be expected to reduce statistical power leading to a Type 2 error, which speaks to the robust nature of the group differences identified in the present study.
Lastly, because covert speech production tasks do not require a behavioral response, it is not always clear that subjects are following instructions. Consequently, only one covert task was included in the current study. However, based on the discrepant findings between covert and overt syllable production, and overt syllable and overt word production, it is clear that inclusion of a covert word production task would have helped clarify the observed findings. The novel technique of referencing EEG sensorimotor µ activity to peri-labial EMG activity during spontaneously fluent overt and covert speech facilitated identification of traitrelated internal modeling deficits in PWS across the time course of speech production.
Specifically, weak μ-α and μ-β ERD in both overt and covert production in PWS were considerd evidence of reduced left hemisphere contributions to forward modeling and sensory feedback guidance for speech (Max et al., 2004a; Max et al., 2004b) . These results are consistent with abnormal projections from anterior motor to posterior sensory regions in PWS, therefore reducing effectiveness of forward modeling during speech. Future studies should investigate group differences in posterior dorsal stream regions, as well as connectivity measures across the sensorimotor speech network. The cost-effective and non-invasive nature of the methodology employed in the current study support its use examining neural activity in children who stutter to ascertain whether the trait-based differences revealed in the current study are causal to the stuttering pathology, or represent a cortical adaptation due to a lifetime of stuttering. Finally, using temporally precise measures to model the normalization of sensorimotor speech network dynamics during fluency enhancing conditions will enhance understanding of how the brains of PWS are able to modulate μ-α and μ-β band activity to overcome these trait-based forward modeling deficits. This increased understanding has the potential to give rise to more targeted therapeutic techniques (e.g., oscillatory-based neurofeedback (Sterman and Egner, 2006; Friedrich et al., 2015) ) to minimize the quality of life disruption for PWS. Moderate 30 1. Subject S9 had a diagnosis of persistent developmental stuttering, though did not produce any overt stuttering behaviors during SSI administration. 2. Raw SSI Data was not available for Subject S11. The 3 PWS omitted from this table produced μ components which could not be included in the analysis as they localized outside accepted μ rhythm generator sites (i.e., one to BA-7, one to BA-8, and another to BA-9). 
